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Abstract
This paper proposes a data assimilation method based on arti�cial intelligence (AI) to obtain sound level
spectrum as increasing the spatial and temporal resolution of time-resolved three-dimensional Particle
Tracking Velocimetry (4D PTV) data. A 4D PTV has used to measure �ow characteristics of three side
mirror models adopting the Shake-The-Box (STB) algorithm with four high-speed cameras on a robotic
arm for measuring industrial scale. Helium �lled soap bubbles are used as tracers in the wind tunnel
experiment to characterize �ow structures around automobile side mirror models. Full volumetric velocity
�elds and evolution of vortex structures are obtained and analyzed. Instantaneous pressure �elds are
deduced by solving a Poisson equation based on the 4D PTV data. To increase spatial and temporal
resolutions of velocity �eld, arti�cial intelligence (AI)-based data assimilation method has applied.
Adaptive Neural Fuzzy Inference System (ANFIS) based machine learning algorithm works well to �nd
hidden 3D vortical structures behind the automobile side mirror model. Using the high resolution ANFIS
model, power spectrum of velocity �uctuations and sound level spectrum of pressure �uctuations are
successfully obtained to assess �ow and noise characteristics of three different side mirror models.

Introduction
Most drivers know that they must turn up the volume to listen to their favorite radio channels on the
highway and speak louder to talk to the passenger. This is a direct result of the turbulence that induced
pressure �uctuation around window. The pressure �uctuation creates vibrations of window glass plates,
which generate some of the internal noise through the air inside the vehicle. There are �ve types of wind
noise sources: turbulent boundary layers, separated and reattaching �ow, cavity �ow, vortex shedding,
and leak (or aspiration) noise [1]. Side view mirrors can contribute to signi�cant interior noise in the
automobile cabins. The vortices induced by the mirrors produce powerful exterior noise and
hydrodynamic impingement, which excite the downstream windows. The interior noise can be reduced by
suppressing the turbulent �ow separation on the mirrors.

To measure noise sources, wind tunnel testing is still a common method in the automotive industry [1–8].
Various turbulent structures around exterior mounted vehicle mirrors have been investigated
experimentally by Rinoshika et al. [9]. In addition, Khalighi et al. [10] conducted PIV and pressure
measurements behind the two outer side view mirrors of the vehicle in the wake region. Kim et al. [7]
measured surface �ow and wake structure of passenger car side view mirror. In order to measure velocity
and pressure which are important properties for determining aerodynamic performance, point
measurement methods such as a pressure transducer and a hot-wire are adopted or 2D planar PIV
measurement is being conducted. In the case of pressure measurement, it cannot identify the nature of
the noise mechanism as well as time and effort, as the microphone arrangement is installed to measure
�oating noise and to use a trial-and-error method to modify features. Far �eld data using microphone
arrays do not provide enough information on the source mechanism, so it relies on a numerical analysis
or source model to understand additional information from the source region. In addition, most PIV
measurements are limited to 2D. Obtaining pressure �eld after performing 3D �ow analysis by direct
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numerical simulation (DNS) or large eddy simulation (LES) is di�cult to apply to a complex shape or a
high Reynolds number due to computational cost and turbulence model. In addition, the results of the
numerical analysis must be veri�ed by experiment.

Today, pressure from PIV techniques provide an alternative to the complex devices of a wind tunnel
model with pressure tap for pressure measurement [11–13]. Once velocity material derivatives are
accurately calculated, the established time-resolved pressure from PIV procedure solves the
incompressible Poisson equation for pressure. Due to uncorrelated random errors in consecutive PIV
snapshots, recent studies have employed a Lagrangian tracking [14] approach to obtain the velocity
material derivative from a series of consecutive time-resolved velocity measurements. The combination
of tracer particle technology for large-scale wind tunnel experiments (helium �lled soap bubbles (HFSB))
and coaxial volumetric velocimetry with the advancements in 3D particle motion analysis (Shake-the-
Box) has shown the potential to evaluate the velocity and pressure �eld in volumes of several liters [15].
An accurate determination of the velocity material derivative in turbulent �ows requires full 3D evaluation
of the velocity and acceleration �eld, which is currently possible by high-speed, high-resolved experiment.

Turbulent �ow generally involves multidimensional physics, including space and time, which have high
dimensions with rotating and transforming intermittent structures. This feature provides an opportunity
for the application of arti�cial intelligence (AI) methods, such as machine learning to predict the modeling
and analysis of turbulent �ow. Neural networks are popular in a range of areas, including self-driving cars
and weather forecasts. Recently, there have been interesting studies on the use of neural networks for
�uid dynamics [16–25], including turbulence modeling [18, 21]. The Adaptive Neuro-Fuzzy Inference
System (ANFIS) method can learn many physical models and can be very useful in chemical engineering,
pharmaceuticals, and industry [26]. This method calculates the changes in linguistic concepts into
mathematical or computational ones, which can alter its behavior in different environments and learn to
calculate the behavior of many processes that may be uncertain. Neuro-fuzzy computing methods are an
example of such techniques. These methods take advantages of machine learning capability of arti�cial
neural networks, and fuzzy inference systems to make reasonable decisions according to the if-then rules
[27].

This paper proposes an AI-based data assimilation technique combining the 4D robotic PTV
measurement data and an ANFIS framework for �uid dynamic research. Learning 3D or 4D �ow patterns
through AI can result in excellent generalization ability of the resulting model and a decrease in error and
noise because it learns statistical data based on the neural network algorithm, which can be stored in a
database. The instantaneous pressure �eld was estimated by solving the Poisson equation using 4D PTV
data. The ANFIS model was trained using the time-resolved three-dimensional PTV data measured in the
wake region of the side-view mirror model for automobiles as a ground truth. To determine the three-
dimensional �ow structure and noise characteristics of the side-view mirror model, the instantaneous
velocity and pressure �eld were deduced from the high-resolution ANFIS model. Vortex shedding
phenomena and �ow-induced noise are discussed based on the power spectrum and sound pressure
level spectra.
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Methods
4D Lagrangian robotic PTV measurements of side-view mirror models.

In this study, the time-resolved three-dimensional velocity �eld of the �ow passing through the side-view
mirror models was measured using a robotic PTV equipped with four high-speed cameras and the Shake-
The-Box (STB) algorithm. To characterize the �ow structures around three different automotive side-view
mirror models, helium-�lled soap bubbles were used as tracers in the wind tunnel experiment as shown in
Fig. 1. The coaxial volumetric velocimeter (CVV) probe was installed on a collaborative robotic arm UR5
from Universal Robots [28]. The reader should refer to the work by our previous research for a detailed
discussion of the measurement system and calibration procedures [15].

Pressure �eld evaluation from 4D PTV data.

Instantaneous pressure, p, can be calculated by solving the Poisson equation [11],

with the von Neumann boundary conditions on all volume boundaries except for the top side. At the top
side, a Dirichlet boundary condition is speci�ed from the Bernoulli equation. At the boundaries, the von
Neumann condition was applied, as proposed by Ebbers and Farnebäck [12]. The application of the von
Neumann boundary condition will yield the solution of the pressure �eld up to a �nite integration
constant. To eliminate the latter, the Dirichlet condition needs to be speci�ed at a known reference
location. For the present data, the pressure far upstream of the test object was matched to the expected
free-stream pressure. Visualization of the vorticity distribution con�rmed the irrotational �ow at the top
boundary of the measurement. The material derivative in Eq. (1) was evaluated using the Lagrangian
technique [13].

Data assimilation using Adaptive Neuro-Fuzzy Inference System (ANFIS).

Fig. 2 shows the structure of the ANFIS model used in this study. ANFIS is a kind of arti�cial neural
network that is based on fuzzy inference system [29]. Since it integrates both neural networks and fuzzy
logic principles, it has potential to capture the bene�ts of both in a single framework. Its inference system
corresponds to a set of fuzzy IF–THEN rules that have learning capability to approximate nonlinear
functions. More details on ANFIS can be found elsewhere [26, 27, 29]. The ANFIS model was used to
predict the 4D �ow characteristics of the side-mirror model with two membership functions as input. Four
inputs of the x, y, z coordinates, and time t were applied to obtain the time-resolved three velocity
components, and the output was the instantaneous 3D velocity components. In this study, 70% of the
experiment results were used as input to the ANFIS for training. The remaining data were used as testing
data to check the prediction results. The computations were performed on a computer with an Intel®
Core™ i5-8400 CPU @ 2.80 GHz 2.81 GHz and 16.0 GB of RAM. With 300 epochs and 2 input membership
functions, the ANFIS training satis�ed the convergence criterion of RMSE < 0.01.
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Results And Discussion
The ANFIS method can predict the time-resolved three-dimensional velocity �eld of the side mirror model
with less computational time and provide high temporal and spatial resolution. The number of raw data
in the x/H, y/H, and z/H mesh coordinates was 28 x 30 x 26 nodes, which have 21,840 data. This
coordinate had a step size of 0.05 between the nodes. For ANFIS-based data assimilation of 4D PTV, the
ANFIS model predicted x/H, y/H, and z/H from 0 to 1.5, -0.7 to 0.7, and 0 to 1.3, respectively, with step
sizes of 0.00625. This means that the spatial resolution of the raw data will increase eight-fold. The total
number of nodes is 241 x 225 x 209 nodes (11,333,025 data).

Fig. 3 compares the ensemble-averaged streamwise vortex structures between the raw data and ANFIS
data assimilation for three different side mirror models. The increase in spatial resolution means that the
vorticity, which is a function of the gradient of velocity and space, can be well distinguished. In the case
of the ANFIS model, the connection of the horseshoe vortex from the bottom of the model was very clear.
On the other hand, in the case of raw data, the horseshoe vortex was broken due to a lack of spatial
resolution, as shown in model 1’s result. The sidewall roll-up vortex and trailing vortex pair were also
recovered well by ANFIS data assimilation. When the �ow was developing downstream, the vortex pair
inclined towards the ground plane owing to the downwash effect. The streamwise trailing vortex pair
showed a dipole distribution, counterclockwise rotation in the left-hand side vortex, and clockwise
rotation in the right-hand side vortex. For model 2, the horseshoe vortex disappeared due to the inclination
of the model at the front side, but a trailing vortex formed into a dipole formation. In the case of the lower
vortex pairs of the dipole trailing vortex, the raw data show that the vortex form is broken. After ANFIS
data assimilation, this vortex was recovered by the high spatial resolution. For model 3, the horseshoe
vortex that occurs at the base of the model is clearer. A horseshoe vortex with small size and magnitude
occurs because the base of the model has the same shape as the reference model. Therefore, data
assimilation can recover this missing data by increasing the spatial resolution.

The average velocity �elds cannot resolve relatively small vortex structures as well as the evolution of the
vortex structures. To take more advantages of the ANFIS data assimilation, the instantaneous velocity
�eld of the side mirror model 1 was used for data assimilation. Fig. 4 presents the instantaneous
streamwise vortex structures in the wake of the side mirror model 1. The raw data at time t1 and t2 are
shown in Fig. 4 (a) and (b). Compared to the ensemble-averaged results (Fig. 3 (a) and (b)), the effects of
data assimilation were certainly apparent. The AI-based data assimilation results (Fig. 4 (c)-(f)) showed
much smaller vortex structures as a result of the four-fold increase in the spatial resolution. Moreover, the
four-times higher temporal resolution of the ANFIS model revealed much more small-scale streamwise
vortical structures than those from only an enhancement of the spatial resolution. Compared to the
average streamwise vortex structure, the instantaneous vorticity �eld was not a symmetrical feature.
Clusters of the vortex structure rotating clockwise or counterclockwise were inclined to the bottom with
downwash �ow. During the measurement period of Fig. 4 (c)-(f), the vortex structures rotating clockwise
were above the vortex structures rotating counterclockwise, but at other times it could be the opposite
considering that the time-averaged streamwise trailing vortex structure is symmetrical. These data
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assimilation results provide a better understanding of the small turbulence structures and allow for more
in-depth analysis by recovering the missed data due to the resolution limit of the experiment.

From the ANFIS model with improved temporal and spatial resolution, it was possible to extract the
instantaneous velocity and pressure �uctuations at a speci�c location in the �ow �eld. After obtaining the
power and noise level spectrum from the time series data, it was possible to obtain the shedding
frequency of the vortex from the side mirror model and identify the noise source from the �uctuation of
the �ow pressure. Fig. 5 shows three locations where the velocity and pressure are extracted from the
horizontal plane at z/H = 0.5 for model 1. Position 1 (P1) is in the recirculation zone (x/H = 0.2, y/H =
-0.2), where back�ow occurs behind the model. Position 2 (P2) is located at the wake shear layer region
(x/H = 0.5, y/H = -0.3) with a high streamwise velocity. Position 3 (P3) is in the area where the trailing
vortex appeared near the central region (x/H = 1.0, y/H = -0.1) of the wake after passing the recirculation
zone downstream of the model. 

Fig. 6 (a) shows the extracted streamwise velocity �uctuations from the ANFIS model at three different
positions on model 1 for the entire measurement time, 22 seconds. The velocity magnitudes were mostly
negative at P1 because the location is within the recirculating zone. The velocity �uctuation at P2 had the
highest magnitude because the location is just outside of the recirculation zone, where the separated
shear layer exists. The time series of the streamwise velocity at P3 had a lower velocity magnitude than
that of P2. On the other hand, the turbulent intensity of P3 was higher than that of P2. The position was
located in the trailing vortex region, which is inside the wake �ow. Fig. 6 (b) compares the instantaneous
velocity extracted at three different points from the raw velocity data and the ANFIS model with a four-
fold higher temporal resolution than the raw data. For a better comparison, only 1.5 seconds were
selected. The overall change was consistent with each other, but the ANFIS model resolved more
�uctuations. Every fourth ANFIS result coincided with the raw data because raw data was used as the
ground truth in ANFIS learning.

The dominant characteristics of the external �ow over a bluff body were vortex shedding, and �ow-
induced noise is closely related to this phenomenon. The shape of the side mirror model was similar to a
half-cylinder and vortex shedding occurred behind the model. Fast Fourier Transform (FFT) analysis was
performed with the velocity signals of Fig. 6 (a). Fig. 7 shows the power spectra of the streamwise
velocity �uctuations extracted at the three points. Because the power spectrum was obtained only with
the �uctuation component of the velocity, the highest power value came out from position P1, where the
�uctuation was the largest, and in the order of P3 and P2. In Fig. 7, the power spectra obtained using the
raw velocity data and the instantaneous velocity extracted from the ANFIS model were compared. Both
coincided with each other in the low-frequency range below 3 Hz, but there were signi�cant differences in
the high-frequency range above 10 Hz. The power spectrum obtained using the raw data revealed a noisy
spectrum with the same mean value above 10 Hz. Because the sampling rate of raw data was 289 Hz,
the spectrum above 145 Hz was meaningless using the Nyquist sampling criteria, and high power at a
lower frequency was derived from aliasing. On the other hand, the ANFIS model had a resolution of 867
Hz. Therefore, it showed a very clean spectrum in the frequency range below 400 Hz.
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The instantaneous velocity �eld obtained as a result of the AI-based data assimilation showed the vortex
shedding frequency as a very clear peak. The power spectrum tended to decrease with the power-law as it
goes into higher frequencies. Interestingly, the peak frequency of the spectrum obtained at each point
was different because the structure of the dominant vortex in each position was different. The most
prominent frequency peak was 50 Hz measured at the P1 position. This position is closely related to the
vortex shedding that occurs on the side of the semi-cylindrical side mirror model. In the P2 position,
periodic vortex shedding of approximately 10 Hz occurred. This location was related to the abnormality
of the trailing vortex structure. In the spectrum at the P3 position, a low-frequency peak of 1.5 Hz, which
was not found in the raw data, appeared in the ANFIS model results. Because the P3 position becomes
the point where the recirculating zone ends, it was assumed that it would be related to the slow
meandering phenomenon of the separation bubble. 

The pressure �uctuation was quanti�ed to compare the noise of the mirror models at P1. Instantaneous
pressure �elds were deduced by solving a Poisson equation based on the 4D PTV data. The
instantaneous pressure extracted from the raw data and the ANFIS model with a four-fold higher
temporal resolution. The instantaneous pressure data were converted to sound pressure levels using the
following equation and a frequency analysis:

P is the instantaneous pressure data, and Pref is the reference sound pressure (20 x 10-6 pa was used for
sound pressure in air). Figure 8 shows a comparison of the sound pressure level for different side mirror
models. The magnitude of the noise level was highest for model 1, followed by model 2 and model 3 at
the same position. The peak of model 1 was dominant at 10 - 100 Hz in the low frequency band. This
region has strong air resonance, and most of the noise felt by humans is in this area. At model 1, the peak
frequencies were found at 10, 20, 40, 80, and 120 Hz, which are the harmonics based on 10 Hz. At model
2, the peak sound frequencies were observed at 50, 100, and 200 Hz, which are the harmonics of vortex
shedding frequency, 50 Hz. At model 3, peaks appeared at 100 and 200 Hz, the same as model 2. Models
2 and 3 have peaks in the mid frequency band but not the low frequency bands, which affects noise.

Conclusions
An AI-based data assimilation technique was developed using 4D robotic PTV measurement for �uid
dynamics. By learning 3D or 4D �ow patterns through AI, generalization ability of the model was
obtained, and error and noise were reduced because statistical data were learned based on a neural
network algorithm. The learned data can be stored in a database. Using this database, any desired data
can be acquired without further experiments or computational analyses. In addition, 4D �ow
measurements of side mirror models were performed to experimentally investigate the 3D �ow
characteristics. In the case of model 1, the formation of a horseshoe vortex from the bottom of the model
was very clearly observed. In the case of model 2, the horseshoe vortex disappeared due to the inclination
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of the model at the front side, but a trailing vortex formed into a dipole formation. In the case of the lower
vortex pairs of the dipole trailing vortexes, the raw data showed that the vortex form is broken. After the
ANFIS data assimilation, the vortex was recovered by the high spatial resolution. In the case of model 3, a
horseshoe vortex occurred at the base of the model and was observed more clearly. For the
instantaneous result, compared with raw data, the data assimilation results showed a small vortex
structure as a result of increasing the spatial resolution. These data assimilation results provide a better
understanding of the small turbulence structures and allow for more in-depth analysis by recovering
missed data. The instantaneous pressure �elds were deduced by solving a Poisson equation based on
the 4D PIV data and the ANFIS method. The magnitude of the noise level was highest for model 1, and
the peak was dominant at 10–100 Hz in the low frequency band, where humans feel noise. Models 2 and
3 had peaks in the mid-frequency band and not the low frequency band. The ANFIS model could help
with numerical and experimental methods to optimize case studies without doing experiments. This
method could also enable mesh re�nement with low computational time.
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Figure 1

Experimental setup for time-resolved Lagrangian particle tracking velocimetry.
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Figure 2

ANFIS structure with a four-input �rst-order Sugeno fuzzy model.
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Figure 3

Comparison of the ensemble-averaged 3D streamwise vortex structures between the raw and assimilated
data.
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Figure 4

Comparison of the instantaneous 3D streamwise vortex structures between the raw and assimilated data.
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Figure 5

Measurement positions at z/H = 0.5.
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Figure 6

Comparison of the instantaneous streamwise velocity �uctuations between the raw and assimilated data
taken at P1, P2, and P3 in the horizontal plane at z/H = 0.5 for model 1.
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Figure 7

Comparison of the power spectrum from the instantaneous streamwise velocity �uctuation between the
raw and assimilated data taken at P1, P2, and P3 in the horizontal plane at z/H = 0.5 for model 1.
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Figure 8

Comparison of assimilated sound pressure level at P1 for three different side mirror models.


